Abstract:
3
Due to the repetitive nature of TEs, short-read RNA sequences that originate from one locus can 46 ambiguously align to multiple copies of the same subfamily dispersed throughout the genome. This problem is most significant for younger TEs; older elements have accumulated nucleotide substitutions 48 over millions of years that can differentiate them and give rise to uniquely aligning TE reads (Giordano et 49 al. 2007 ). Because of these barriers, conventional RNA-seq analyses of TEs have either discarded multi-50 mapping alignments (Chuong et al. 2013) or combined TE expression to the subfamily level (Criscione et 
119
In order to accurately quantify TE RNA expression at locus resolution, Count builds on these 120 previous methods by leveraging unique read alignments to each TE to assign fractions of multi-mapping 121 reads (Fig. 2) . First, Count identifies reads that map to TEs (by at least 50% of the read length) and labels 122 them as "unique reads" or "multi-mapped reads." Second, Count assigns fractions of a read to each TE as 123 a function of the probability that the TE gave rise to that read. Uniquely aligning reads are considered 124 certain (e.g., probability = 100%, count = 1). unique (filled arrows) or multi-mapping (empty arrows). Second, Count assigns fractions of multi-mapping reads in proportion to the normalized unique read expression of each TE. The partially filled arrows reflect the proportion of the read assigned to the TE of the corresponding color. Then, Count runs an ExpectationMaximization loop that estimates transcript length and reassigns multi-mapping reads for each TE (E-step), then re-estimates total read counts (M-step) until convergence.
Assessing Count Accuracy in simulated data

160
To test the performance of Count, we simulated RNA-seq data from 100,000 randomly selected TEs 161 from the human GRCh38/hg38 (hg38) RepeatMasker annotation (see Methods). TEs were simulated with 162 read coverages of ranging from 2-4000X and simulated counts ranging from 2-4588. We Table S3 ). However, using the EM algorithm improved the TPR for Alus (TPR=85.22%- (Fig. 4) . When the alignments of 153 reads were spiked in, we found that the false positive 245 rate (FPR) of the youngest L1 subfamilies were comparable to each other, ranging from 34-38%.
246
However, as the spiked in alignments increased to 302 and 3091 reads, the FPR increased for L1HS to 247 50.68% but not the other subfamilies. This indicates that polymorphic L1HS expression primarily affects 248 the alignments to L1HS loci, and not the loci of closely related subfamilies. Table S6 ).
275
To compare SQuIRE to other TE analysis tools with biological data, we ran each pipeline on 276 publically available adult C57Bl/6 mouse tissue RNA-seq data (Brawand et al. 2011) using 277 GRCm38/mm10 (mm10) TE annotation. We compared the expression of subfamilies in testis compared 278 to pooled data from brain, heart, kidney, and liver tissues. To independently evaluate the fold-changes of 279 TE RNA between testis and somatic tissues, we also used our previously published adult C57Bl/6 mouse 280 Nanostring results (Gnanakkan et al. 2013 ). Unlike RNA-seq analysis, which infers transcript levels by 281 counting reads, Nanostring uses uniquely mapping probes to capture and count RNA molecules. We 282 compared the Nanostring log 2 fold changes (log 2 FC) of TE subfamily expression in testis and pooled 283 somatic tissue to the log 2 FC values found by SQuIRE, RepEnrich, TEtranscripts, and TETools 284 (Supplemental Fig. S4 
290
With SQuIRE, we can closely examine the mouse RNA-seq data at the locus level. For the 16 291 subfamilies analyzed by Nanostring and the TE analysis tools, we found that the reported subfamily-level 292 expression could be attributed to fewer than 7% of each subfamily's loci (Supplemental Fig. S5 ). This 293 suggests that regulation of TE transcription is not necessarily shared across all TEs from the same 294 subfamily. On the other hand, whereas the other subfamilies studied by Nanostring have only 1-4 295 significantly differentially expressed loci (log2FC >1, padj < 0.05), the IAPLTR3 subfamily has 11 loci 296 that are all differentially expressed in testis compared to somatic tissues (Fig. 5A) . To test whether this can vary across loci from the same subfamily. We also examined ERVB4-1B and IAPLTR3, the two LTR 314 retrotransposon subfamilies that exhibited the highest fold change by Nanostring. These subfamilies were 315 represented in the high-expressing, tissue-restricted loci cluster (Fig. 5A) . While the transcription of the 316 ERVB4-1B locus on chr13 did not extend beyond annotations for that subfamily (Fig. 5C) , the IAPLTR3 317 loci on chr14 (Fig. 5D ) and chr18 are part of longer transcripts that initiate outside of the annotated TE. 
338
Implementation
339
Our efforts at making SQuIRE easy to use has resulted in a simple installation process in which the 340 user can copy and paste lines of code to install all prerequisite software and set up SQuIRE (Table 1) 
385
The SQuIRE algorithm builds on strategies used by previous TE analysis software (Criscione et al. 
435
RNA-seq simulation
436
We randomly selected 100,000 TEs from the hg38 Repeatmasker annotation downloaded by Fetch.
437
We limited our list of potential TEs to those included in TEtranscripts (Jin et al. 2015) website. We aligned the data to the genome with STAR using "--winAnchorMultimapNmax 100","--
496
outFilterMultimapNmax 100" parameters for multi-mapping. We then ran TEtranscripts with the "--mode 497 multi" setting to utilize its expectation-maximization algorithm for assigning multi-reads for the resulting 498 SAM file. Since TEtranscripts analyzes TE and gene expression together, we used refGene annotation 499 obtained by SQuIRE Fetch for the required gtf file. We used the parameters "--format SAM", "--mode 500 multi", "--stranded yes" for simulated human data, and "--format SAM", "--mode multi", "--stranded no" 501 for mouse data.
Aligner Comparison
503
We ran the aligners Bowtie1 (Langmead et al. 2009 ), Bowtie2 (Langmead and Salzberg 2012), and 504 STAR (Dobin et al. 2013 ) on the simulated TE RNA-seq data described above. We set each aligner to 505 output a maximum of 2 valid alignments to quickly identify uniquely aligning reads with the parameter "-506 m2" for Bowtie 1, "-k2" for Bowtie 2, and "--outSAMmultNmax 2" for STAR. We also ran STAR with 507 the parameters "--outFilterScoreMinOverLread 0.4 --outFilterMatchNminOverLread 0.4 --508 chimSegmentMin 100" to allow for discordant alignments, which STAR excludes by default. Bowtie2 509 reports discordant alignments by default, while Bowtie 1 can only report paired alignments. We used 510
BEDTools (Quinlan and Hall 2010) to intersect the BAM outputs to RepeatMasker annotation to identify 511 the TEs to which the aligners mapped the reads. Reads that only appeared once as "uniquely aligning".
512
We assessed whether the mapped TE matched the templating TE for the simulated read to determine if 513 the uniquely aligning reads mapped to the correct location.
514
Data Access
515
The raw sequencing data and SQuIRE Count output for HEK293T cell transfection were deposited to 516 the NCBI Genome Expression Omnibus with accession number GSE113960. SQuIRE was written in 517 Python2 and is available at the website https://github.com/wyang17/SQuIRE and PyPI. It was developed 518 for UNIX environments. We provide step-by-step instructions on our README to install the correct 519 versions of all software. These instructions include using the package manager Conda (conda. 
